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1 Introduction 
About 70% of myoelectric prostheses are not used 
by their owners [1]. This is largely due to the limited 
functional possibilities, which in turn is hampered by 
the limited degrees of freedom (DOFs) that can be 
controlled. A potential method for increasing the 
number of DOFs is the use of multi-channel surface 
electromyography (sEMG) to distinguish between 
different contractions. The aim of this study was to 
investigate if it is possible to distinguish eight 
different isometric contractions of wrist and hand with 
a classifier based on spatial information obtained by 
multiple electrodes placed on the forearm. 
 
2 Methods 
Ten healthy subjects and one forearm-amputation 
patient participated. A grid of forty surface electrodes 
(4x10) was placed on the forearm of the healthy 
subjects (Figure 1) and one of thirty electrodes 
(3x10) on the impaired arm of the patient. 
 
Figure 1. Electrode placement (healthy subjects) 
Signals of eight different isometric contractions 
(Table 1) were collected. Each contraction lasted five 
seconds and was repeated three times. Root mean 
squared values were calculated for twelve periods of 
200 ms that were selected from each repetition. 
Datasets were classified offline for each individual 
subject by means of supervised non-linear non-
parametric k-nearest neighbour classification [2]. The 
performance of the classifier was tested by cross-
validation: the dataset was randomly split into a 
training set and a test set with a ratio of 4:1. This 
procedure was repeated five times. The accuracy of 
the classifier was calculated as the mean percentage 
of correctly classified contractions of all cycles of 
training and testing. 
The possibility of reducing the number of electrodes 
was investigated by training and testing with a grid of 
twenty and ten electrodes. Finally, the performance 
of the classifier on continuous data was tested by 
applying it to a signal containing three periods of 
muscle contraction interrupted by periods of rest. 
 
3 Results 
The average accuracy of the offline classification 
was 99.3% for healthy subjects and 96.2% for the 
patient. By means of a confusion matrix (Table 1), 
insight was obtained on where errors are made. 
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Finger extension 0.01 0.01 0.01 0.08
Pronation 99.96 0.04
Supination 0.01 99.85 0.03 0.02 0.08 0.01
Wrist abduction 0.02 0.01 99.94 0.02 0.01
Wrist adduction 0.01 99.97 0.01
Wrist extension 0.02 0.02 0.10 0.01 99.83 0.01
 
Table 1. Confusion matrix (healthy subjects) 
The mean performance for all healthy subjects was 
decreased with 0.3% for twenty electrodes and 1.4% 
for ten electrodes. The average performance of the 
classifier on continuous data of healthy subjects was 
93.4%. 
 
4 Discussion 
The results are very promising. However, validation 
with forearm-amputation patients during random 
ordered contractions is necessary. Furthermore, the 
discrimination of different force levels should be 
developed to enable control of force levels. 
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